In this paper, we estimate price and income semi-elasticities of the length of stay at different destinations in Italy using the 'Multipurpose survey on tourism demand, holidays and trips' provided by the Italian National Institute of Statistics (ISTAT). We derive the conditional demand function for the length of stay, which depends on tourists' socio-demographic characteristics, travel characteristics, income and price of touristic services. Since income was not reported in our database, we use the propensity score matching to retrieve this information from the 'Survey on household income and wealth (SHIW)', and we use quantile regression to account for the multimodality of the length of stay.
INTRODUCTION
T he length of stay is considered one of the major choice variables in a visitor's decision-making process (Decrop and Snelders, 2004) ; tourists compare the benefits of different alternatives and assess costs and length of stay, taking into account their financial and time constraint (Alegre and Pou, 2006) . However, despite its importance, this variable has received attention in literature only recently. Its economic influence has been described by some studies that highlighted a positive relation between duration and total expenditure; also, shorter stays have been found relevant because of their high daily per capita expenditure (Downward and Lumsdon, 2000; Cannon and Ford 2002; Kastenholz, 2005) . Understanding how tourists take decisions also about the duration of the stay is therefore an important economic concern and an essential element for good planning and management (MartinezGarcia and Raya, 2008) .
It has been empirically observed in the main issuing countries that the widespread trend is a drastic reduction of the length of time that tourists spend on holiday (Alegre and Pou, 2006) , tendency that we find also in Italy. Related to this, in Figure 1 , we show the variation in the average duration for holidays in Italy, broken down by regions of destination. The darkest colours correspond to regions in which the change is almost zero, the lighter identify negative variations, which are greater the brighter is the colour. From 2002 to 2008, we can notice that, only in three regions, the average duration has not changed, whereas in all the others, there has been a decrease, supporting the general trend. Also, Table 1 reports that in the last decade, there has been an increase in the number of holidays labelled short, i.e. up to three nights and, at same time, a decreasing trend in the general average duration, and this could be explained by different economic and sociodemographic factors.
One possible explanation of these features could be the change in preferences of tourists, who choose several short holidays rather than just one longer. At our knowledge, there are few studies that try to pursue this line of research, highlighting short-and long-holiday makers' preferences; one example can be found in the analysis proposed by Okamura and Fukushige (2010) , which investigates the differences in travel objectives of the two types of travellers at a given destination. Using a different perspective, based on holidays, and distinguishing between short and long stays, Alegre et al. (2010) , instead, describe the characteristics of those tourists that are more likely to choose short rather than long holidays by defining a membership function.
The cited papers highlight one of the main distinctive feature of holiday duration: its empirical distribution function is not normal. We show clearly the multimodality of the length of stay in Figure 2 , in Italy, stressing the increased frequency of short holidays in the period analysed.
In this paper, we account for this multimodality of duration, discriminating therefore between short and long stays as in Alegre et al. (2010) , using a different empirical strategy, the count quantile regression (CQRM), which has been never used in this context before as long as we know. This statistical method allows us to estimate properly the measures of the demand reactivity helpful for the design of appropriate tourism strategies based on those economic determinants. Using the CQRM model, we can compute own price and income semi-elasticities for short and long stays, contributing to the literature on length-of-stay analysis, by giving a more detailed and accurate measure of the effect on the length of stay due to prices and income.
Not only preferences but also prices and income played an important role in determining the decreasing trend in holidays' duration: the recent financial crisis is strictly linked with a Our estimates of the demand characteristics could support the forecasting of tourism demand, essential in assisting the managerial decision making, in the short term for scheduling, staffing and planning and in the longer term, to invest in infrastructures that also usually require public finances. Elasticities are particularly useful in providing an idea of how the tourism demand reacts when the determinants vary to assess the direction and the magnitude in which tourists would respond to changes in price or income (Huertas, 2006) . Studying the determinants of tourism demand in terms of duration also can be useful in aggregate terms, at the industry level, especially for those countries, like Italy, that are, in large part, dependent on this sector. In fact, even if tourism continues to play a role in generating profits and employment opportunities, it faces the problem of maintaining a sustainable competitive advantage in an even more dynamic and globalized context, and gathering new and up-to-date information could help in exploiting the new trends (Huertas, 2006) . The remainder of this paper is structured as follows: in the second section, we briefly review the literature, highlighting the main problems in analysing holiday duration; then, in the third section, we present the econometric model used to estimate semi-elasticities. In the forth, we describe the datasets used, and finally, the fifth and sixth sections present the results and conclusions of our analysis.
LITERATURE REVIEW
The literature about tourism demand has analysed mainly traditional tourism measures, e.g. arrivals and/or departures and expenditure and/or receipts, but even if it is a relevant aspect in the decision-making process of tourists, very few studies focused on the length of stay. The very first approach to tourism demand analysis was based, to a great extent, on aggregate time series data, and only later, consumer models became more popular; in fact, using micro-data has the advantage to explore the direct link between the outcome that we care about and the policy variable (Deaton, 1998) .
At our knowledge, the first analysis about the length of stay were those proposed by Mak et al. (1977) and Mak and Nishimura (1979) , using data from a survey about US visitors to Hawaii. Later, Bell and Leeworthy (1990) tried to model the annual consumer demand for Florida beach days with a travel cost method; then, Fleischer and Pizam (2002) analysed the length of stay of older tourists in Israel using a Tobit model for censored data.
Recently, holiday duration has been studied by Alegre and Pou (2006) , using a discrete choice logit model, Gokovali et al. (2007) , MartinezGarcia and Raya (2008) and Pestana Barros and Pinto Machado (2010) who used survival analysis to model holiday duration and Alegre et al. (2010) who exploited a latent class truncated Poisson regression to account for groups or segments of demand.
Among the strategies used are the survival analysis and the logit approach model probabilities; the former focuses on the conditional probability of a tourist staying t days, given that he stayed t-1 days (Kiefer, 1988) , whereas the latter instead describes probabilities related to binary dependent variables, after having properly transformed the duration into a dichotomous variable. Among the two empirical strategies, survival analysis is preferred when covariates are time varying (Gokovali et al., 2007) ; however, in practice, the binary dependent variable model often is used because explanatories do not change so often in the course of the spell. The choice of the logit approach also is more appealing because setting an appropriate cutoff allows analysing particular types of holiday, e.g. short versus longer stays or holidays in weekly blocks. Alegre et al. (2010) proposed a new empirical strategy to account for the existence of different tourist segments; in fact, they assume that there are two groups of tourists, those who prefer short stays and those who choose long stays. By taking into account group membership, they adopt a non-parametric approach to the length of stay without the possibility of policy considerations on parameters.
None of the studies mentioned above provide income and price elasticities, even if potentially useful for policy purposes; this information has been more explored using aggregate data or other outcome variables. A comprehensive review of the empirical literature on tourism demand is provided by Crouch (1994a Crouch ( , 1994b Crouch ( , 1995 , Witt and Witt (1995) , Lim (1997 Lim ( , 1999 and Li et al. (2005) . According to Crouch (1992) , the majority of studies measured elasticity looking at international tourist arrivals, some at expenditure and/or receipts, and just a minority used the length of stay as dependent variable; however, none provides elasticity estimates for different quintiles of the outcome. Although in general, tourism demand is considered positively related to income and negatively with touristic prices, we do not know if the magnitude of the relation is constant across the duration distribution or if the effect of income, for instance, is greater the longer is the holiday, but using quantile regression, we can address this question.
THE MODEL

The theoretical framework
We derive the determinants of the length of stay through the standard consumer maximization problem, where the utility function includes a vector of consumer goods that do not contain the tourist services, q; the vector of holiday characteristics, z; and the length of stay, t. 
q; z; t; p; p t ≥0
Adopting the discrete choice model perspective (McFadden, 1981) , the utility function also includes a vector of taste shifters, , and a random term for non-observable characteristics of the trip, e. The consumer will maximize the utility, given income and time constraints, where p is the vector of prices of q and p t is the price of the holiday.
Following Pollak (1969 Pollak ( , 1971 , the conditional demand function for the length of stay at destination j can be expressed by the following:
The length of holiday can be estimated using Equation (5) as conditional demand function, taking pre-assigned values for the choice of destination and the set of holiday characteristics, with the result that a certain choice partly determines the holiday length (Alegre and Pou, 2006) .
The econometric framework
As already noticed in the literature, when the length of stay is used as dependent variable, the standard ordinary least squares (OLS) regression of spell time is not appropriate, not only because there is the possibility that for short durations, the linear regression model predicts negative values (Kiefer, 1988) but also, more importantly, because the error term distribution of the OLS regression is found to be not normally distributed due to the multimodality of its empirical distribution (Alegre and Pou, 2006) . To account for this characteristic of holiday duration, we propose an alternative empirical strategy, the CQRM, that has never been used in this context. Differently from the OLS model, which estimates parameters at the mean value of the dependent variable, this methodology allows estimations for any quantile of the duration distribution and is capable of estimating different effects of prices, income, socio-demographic, tastes, trip and destination characteristics on the length of stay for different types of holidays, e.g. short and long stays by focusing on the effects of this variables at specific quantiles. The CQRM model is a variation of the usual quantile regression approach (Koenker and Basset, 1978) that accounts for the discrete nature of the dependent variable and was first introduced by Machado and Santos Silva (2005) . The authors show that, if Y is a discrete random variable and X a vector of k random variables (covariates), then the 100a-th quantile of Y when X = x cannot be expressed as a continuous function of the parameters of interest, and sufficient conditions for asymptotically valid inference are not satisfied. A solution to the problem is to artificially impose smoothness to the data deriving a new conditional continuous quantile function. This procedure has been implemented using the so-called jittering sampling (Stevens, 1950 ) that we shortly describe in the following. Let U be a random variable with continuous distribution function with support on [0, 1), called smoothing noise, which is independent from Y and X. The count variate Y can be transformed into a continuous variable Z adding the smoothing noise U: (Z = Y + U). It can be shown that, after the transformation, the artificial variable distribution is equivalent to that of the original variable, and their quantiles present a one-to-one relation. Then, the jittered sample (y i + u i + x i ), with i = 1,2,. . .,n is obtained drawing u i from the smoothing noise 1 variable U and will depend, as the estimates of the quantiles, on the specific realization u i . To avoid dependence on specific realizations of U, Machado and Santos Silva (2005) proposed the average-jittering estimator, a new version of the traditional CQRM based on m Monte Carlo replications. The authors show that this estimator has the relevant property to improve efficiency even when a small number (m = 10) of replications is adopted. The distribution function of the artificial variable Z is continuous but does not have continuous derivatives for integer value, so a monotone transformation T(Z, a) must be applied to Z to satisfy standard assumptions of the linear quantile regression. Following Machado and Santos Silva (2005) , we consider the following transformation for Z:
where θ is a small positive number. Finally, a traditional quantile regression can be estimated, and the quantiles of the count variable are retrieved from the artificial distribution using the following expression:
Estimates of Y quantiles are consistent, and any traditional inference based on t, LR and Wald statistics are valid (Machado and Santos Silva, 2005) . When quantile regressions are used, the interpretation of the coefficients in terms of marginal impact on the dependent variable is not so straightforward due to non-linearity. To fully understand the impacts of the covariates, it is possible to compute partial effects for specific individuals, denoted asx, so that the effect of a dummy variable, d j , is
where g j (a) is the coefficient estimated through the quantile regression. For a continuous variable instead, x j , the effect is computed as follows
The semi-elasticities are evaluated at the median value of the continuous variables and by setting the dummy variables to zero. Estimation was performed with the qcount package of STATA (Miranda, 2006) after some slight adjustments to properly interpret the results with respect to a reference category.
1
The smoothing noise is usually uniformly distributed in the interval [0, 1) because important algebric and computational simplifications are possible.
DATA
The data used in the analysis were drawn from the yearly Multipurpose survey on business and leisure travels of ISTAT. The original sample size in the survey is about 14 000 Italian households and provides information about the trips done in a particular quarter of the year and the socio-demographic characteristics of each household member, i.e. education, occupation, age and marital status. Information about the trip is the period in terms of quarter, duration of the stay, destination, location, accommodation type and motivation. In this paper, we do not consider holidays abroad because a comparable touristic price was not available. Although some researchers argued that tourists respond to exchange rate movements much more than to changes in relative inflation rates, when they make decisions on the travel destination (Artus, 1972) , Martin and Witt (1987) argue that the exchange rate alone is not an acceptable proxy for tourism costs. What is missing in the original ISTAT dataset is information about individual/household income and prices. Those variables were fundamental for the analysis; therefore, we used other sources , The Bank of Italy's dataset about Italian households' income and ISTAT price indexes data. The Bank of Italy provides detailed information about Italian households' income and socio-demographic characteristics on the basis of a sample composed by about 8000 households for the years considered. To exploit that information, we matched the Bank of Italy's observations with ISTAT data, using a statistical technique, the propensity score matching -PSM (Rosenbaum and Rubin, 1983) . For a correct matching, two conditions have to be met: one concerns the samples, and the other involves the available information in the two databases. It is required that the two samples are drawn randomly from the same population and, second, that there is a set of common variables in the two datasets; these two requirements in our case are satisfied, in particular the set of common variables are the socio-demographic and economic characteristics of the household. To show the validity of the procedure, in Table 2, we compared means and quartiles of the two distributions. 3 The table shows that the two distributions are quite similar for each year considered; it seems that after using the propensity score matching, income is overestimated in the ISTAT sample, but the differences are negligible. For more detailed information about the matching technique, see Rosenbaum and Rubin (1983) . Prices variables, i.e. the regional price for touristic services 4 and the general price index, were obtained by ISTAT. We also used the general price index to construct a real equivalent household income.
EMPIRICAL RESULTS
In this section, we report the results obtained from the count quantile regression model described above. The dependent variable, as already discussed, is the length of stay of the holiday, whereas a list of the covariates used is reported in Table 3 . To estimate semi-elasticities consistent with the theoretical model presented in section 3, we used a wide number of control variables related to holiday characteristics (e.g. type of accommodation, mean of transportation, price of touristic services), tourists characteristics (share of participants in given age bands, level of education, household income, marital status and employment status), type of destination (seaside, mountain, lake, countryside, agrotourism, cultural cities, touristic or study/sport holidays) and year and quarter dummies to control for seasonality. To catch shifts in tourists' preferences from a given destination to another, we included a series of interaction terms between destination types and years. The Poisson estimates and those for each quantile are summarized in Table 4 . We report also the Poisson estimates to provide a comparison with CQRM and show how far would be the policy measure for each quantile.
All the control variables have the expected sign; among accommodation types, we find that, generally, house rented, multi-properties, camping and houses for free are preferred for longer stays, whereas agrotourism and bed and breakfast do not appear to be significant across quantiles. The preferred mean of transportation for long holidays are plane, train, ship and rented car, whereas bus and camper are not relevant across quantiles of duration. Looking at tourist characteristics, it appears that people aged 65 or older -i.e. retired -are those who make longer holidays compared with the other age groups; moreover, educated people are more likely to stay for shorter periods than people with low education, and this relation becomes stronger for higher quantiles of the length of stay distribution. Married people spend shorter holidays than single and widowed, but there are no differences with divorced and separated. The length of stay increases with the number of participants presenting a stronger effect until the 75th percentile, and then, it decreases. The seaside, which, in our model was used as the reference category, 5 is the preferred destination for longer holidays; in fact, all the coefficients associated with other destinations are always negative or non-significant, meaning that the average stay for all destinations is lower than that of seaside locations. The third quarter is the one which records the highest durations, with increasing effect across quantiles. The coefficients associated with year dummies are negative and decreasing in their effects across quantiles, consistent with the average length of stay decrease documented in the introduction. If we look at the interaction variables, we can see that most of them are not signifsicant, i.e. tourists did not change their preferences across years for those destinations, but interestingly, cultural holidays report a positive coefficient for both 2006 and 2008, meaning that the affluence of visitors for these locations has increased in the years considered. Moreover, the effect increases across quantiles and is particularly significant at the 25th, 50th, 75th and 90th quantiles, which corresponds to holidays of 1, 3, 7 and 14 days respectively, in the length of stay distribution of our sample. This result seems quite relevant for policymakers to better exploit all territorial resources.
The income variable also is significant and with positive sign, according to economic theory, in fact, length of stay should be higher for richer households. As we can see from Table 4 , the estimated coefficient for this variable increases until the 75th quantile and then slightly decreases. The coefficient of price is negative and significant for all the considered quantiles with decreasing impact for higher ones. Table 5 reports the estimated marginal effects and semi-elasticities for the quantiles of the length of stay distribution. It is possible to notice that both price and income marginal effects have stronger -negative or positive respectively -effects on longer holidays, meaning that an income decrease or a price increase would imply a more relevant reduction in terms of days on longer holidays rather than on short. For example, if we consider the average household in our sample, a drop in income by 1% would imply a reduction in the length of stay of 0.02 days for each quantile. The same exercise can be repeated with prices of accommodations and restaurants to evaluate the impact of a 1% price increase on the length of stay. In this case, we can see that there is an increasing effect across quantiles passing from À1.26 at the 10th quantile to À0.85 at the 75th. It is interesting to notice that the price is not effective at the 90th quantile; as already said, this quantile corresponds to holidays lasting 14 days on average, and from our results, it seems that regional price variability does not affect duration significantly. This result means that the choice of a long holiday is more affected by the household's income level and probably by the possibility of participants to stay for such a long period. The result also could be driven by the characteristics of the supply of long holidays, which usually are associated with a fixed accommodation rental period. This type of take-it-or-leave-it contracts does not allow the tourist to adjust the number of days in relation to price changes; therefore, income remains to be the only economic determinant. It also is interesting to look at some other variables that may influence the length of stay decision. As already mentioned before, the education is significant only at the top of the length distribution with an increasing semielasticity, ranging from À0.05 to À0.08. This could be explained by a higher preference toward cultural destinations than usually record shorter stays.
About age effects, we can see that all the categories record increasing negative marginal effects, but in terms of semi-elasticity, we do not find significant differences across the distribution. In relation to marital status, we can notice that widowed people have a significant and increasing marginal effect above the 25th quantile, and also, the semi-elasticity follows the same pattern. Finally, we can notice that the number of participants has an increasing marginal effect along the distribution; this trend can be identified also in terms of semielasticity. This can be read as the fact that shorter stays are less reactive to the number of participants than longer holidays at least up to the 90th quantile.
CONCLUSIONS
In this paper, we have presented a methodology based on count quantile regression that also can be used to evaluate price and income Significance level: ***p < 0.01, **p < 0.05, *p < 0.1 
